Introduction
The human hand is an excellent end-effector of the upper limb capable of innumerable actions, from fine operations to heavy-duty tasks. A complex movement of the hand is generated by the coordination of many muscles and tendons in the forearm. For best understanding of hand and finger function, individual muscle activity in the forearm must be observable. Electromyography (EMG) has been widely used as a standard tool for studying the kinesiology of muscles. An intramuscular needle electrode is usually employed to detect the activity of deep muscles in the forearm. However, using the needle electrode is a painful procedure and not appropriate for clinical application.
Surface electromyography (sEMG) is preferable because of its ease of use and noninvasive nature. The drawback of sEMG is that signals in a region where a large number of muscles lie close together are superimposed (Perry et al., 1981; De Luca and Merletti, 1988; Winter et al., 1994) . This superimposition makes observation of individual muscle activities in the forearm difficult, limiting the usefulness of sEMG. A method to overcome this problem would allow accurate observation of individual muscle activity.
In previous attempts to extract motor information from sEMG, the relationship between the muscle action potential (MAP) of a motor unit (MU) and surface conduction has 5 / 37 been established using a scanning EMG method (Stalberg and Antoni, 1980) , and the position of the activated single MU in the biceps has been estimated with surface electrodes placed around the upper arm (Roeleveld et al., 1997) . The activities of MUs in forearm muscles have been estimated from sEMG signals using an array electrode and blind-deconvolution techniques (Garcia et al., 2005; Yano et al., 2001; Nakamura et al., 2004a; Nakamura et al., 2004b) . However, these methods do not work well when many MUs in many muscles are activated at the same time (e.g., in heavy work using the forearm) (Buchthal and Schmalbruch, 1980) . Recently, sEMG equipment using a multi-electrode array has been employed (Blok et al., 2002; Merletti et al., 2003) but the analysis of single MU firing patterns and MU characteristics is still complicated and time-consuming (Drost et al., 2006) .
The authors have attempted to measure the activity of the individual muscles in the forearm using the reduction characteristics of the sEMG power. Firstly, the reduction characteristics of the sEMG power have been studied. The power exponent of the attenuation (PEA) in relation to the distance between the surface electrode and a source of MAP was calculated using the finite element analysis with a cylindrical conduction model (Nakajima et al., 2008) . The position and the activity of the source in the model have been reverse-estimated using an optimization method. Further, the position and the 6 / 37 activity have been also estimated using an experimental phantom-forearm conduction model filled with finely ground specimens of muscle (Kuiken et al., 2001; Nakajima et al., 2009 ). The source immersed in the model has been estimated from the sEMG power of the surface electrodes.
The purpose of this study was to develop a new EMG technique, the electromyography computed tomography (EMG-CT) method, as a tool for investigating muscle activities in the forearm based on the distribution of sEMG on the skin surface. Muscle activities are calculated by comparing the measured sEMG to simulated results from the mathematical model. The development of EMG-CT will be very useful in studying muscular strategies and mechanisms of muscles in the forearm, which may potentially be used for evaluation of neuromuscular rehabilitation.
Methods

EMG conduction model in the forearm
The muscle region of the forearm was divided into small elements for calculation ( Fig.   1 ). We have formulated the mathematical model relating the mean square value of the MAP (V ik ) changes to the PEA (b);
where d i is the distance between the pair of bipolar electrode i (mm), I k is the strength of the current dipole in muscle fiber k (mA),V 0 is a transformation coefficient (mV/mA), f k is the firing rate of muscle fiber k, l ik is the conduction distance, and l 0 is the unit length (1 mm). A previous study also showed that V 0 and b are functions of inter electrode distances (IED) of the bipolar electrode d ( Fig. 2 and Table 1 ) (Nakajima et al., 2008) .
From the macroscopic point of view, we considered that MUs in any muscles fire independently. Thus, the statistical summation of power of the MAP from each muscle fiber is possible. The muscle activation from all muscle fibers k detected by a bipolar electrode i (V i ) can be simply expressed as
For simplicity, let be the mean square muscle action current of activated fiber k. The equation can then be rewritten as
The MAP from element j is a superposition of the contributing action potentials from all the fibers within the element. By summation of all muscle activation of muscle fiber k in element j ( ) gives
Here, the mean square muscle action current in muscle element j ( ) can be calculated as 9 / 37
The mean square MAP of element j, ̅̅̅ can then be rewritten as
The mean square sEMG detected by bipolar electrode i is considered to be the summation of muscle activation from all elements j. Letting L ij be the transfer coefficient simplifies the equation to
The sEMG signal from each bipolar electrode pair can be calculated from the EMG conduction model described above.
Muscle elements
In this study, the division of the muscle element region was performed by Voronoi tessellation. The base points of muscle elements were placed using the finite element algorithm. The set of seeds was distributed across the circular region with an element size of 1 mm for the surface region and 4 mm for the inside region.
Optimization process
To estimate the muscle activation of each muscle element, sequential quadratic programming (SQP) was used to optimize the value (Fig. 3) . SQP is generally used to solve non-linear equations. The objective function f is given by
where V i is the calculated sEMG from equation 7 and V Mi is the measured sEMG from the experiment. The search direction in which the gradient f of the objective function vanishes can be expressed as the function
where D j is the search direction. The optimization was calculated using the Optimization Toolbox in MATLAB (Mathswork, USA).
Muscle arrangement in forearm
To quantify each muscle activity, it was necessary to determine the location of each muscle in the cross-sectional area. The arrangement of muscles in the forearm was 
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Experimental procedures
The subjects sat on a chair with their forearm placed on a horizontal table. The upper arm was at 0° of abduction, the elbow joint flexed at 90° and the wrist was placed in The loads were selected to be 10-20% of maximal finger tip force (50N), since they do not cause muscle fatigue.
Surface EMG set-up and data acquisition
The sEMG signals from the forearm were recorded with 20 custom-built electrode plates. The electrode plate comprised four aligned 3 mm diameter disciform stainless steel electrodes (Fig. 6 ). IED of the differential bipolar electrodes were 15 and 45 mm, with the middle points coinciding. sEMG recording using a bipolar electrode with wide IED can detect distant muscle activation because of low attenuation (Nakajima et al., 2008) , whereas a bipolar electrode with narrow IED can detect activation only at short distances. Bipolar electrode pairs can detect muscle activation at different depths.
The electrode plates were bound around the subject's forearm, with the middle point at 1/3 of the forearm length from the radial styloid process, parallel to the axis of the 14 / 37 radius. Before binding the electrode plates, their forearm skin was shaved by a razor and cleansed by alcohol swab; the electrodes were pasted with conductive gel. The sEMG signals were obtained with a custom-built amplifier connected to the electrodes with a >1GΩ input impedance, a >100dB common mode rejection ratio (CMRR) and a <100nV/√ signal noise ratio (SNR). The sEMG signals were processed with the amplifier: (1) amplified 1000 times;
(2) filtered using fourth-order Butterworth highpass filter with a 10-Hz cutoff frequency and low-pass filter with a 300-Hz;
(3) A/Dconverted and recorded on a PC with a sampling rate of 2 kHz/channel using 16-bit, ±10V input range A/D converter (ADA16-32/2(CB)F, CONTEC Co., Ltd. JAPAN).
The recorded signals were filtered in the PC using 7th-order Butterworth high-pass digital filter with a 10-Hz cutoff frequency and low-pass digital-filter with a 200-Hz.
The root mean square (RMS) value and mean power of each channel were calculated from the recorded signals in 500 ms windows. 
Results
where A j is the area of element j. Figure 8 shows the total muscle activities of all three subjects, which appear to increase monotonically with load.
Discussion
To our knowledge, this is the first study estimating EMG-CT in the human forearm using a multi-surface electrode, providing a new view in EMG studies. The muscle activity of each element was computed from the sEMG signals detected from the skin surface of the forearm. A novelty of this method is that the active muscle area can be located non-invasively during contraction.
Physical experiments were performed to verify the results. The positions of active muscle (Fig. 7) were validated by comparing the area of active elements with the outlines of muscle area [ Fig.4(b) ]. The activations of muscle are of the FDS, FDP and EDC, which are the primary flexor and extensor of the fingers. Many studies which used intramuscular electrodes to detect muscle activity confirmed that during finger flexion, these muscles were active (Johanson et al., 1990; Maier et al., 1995; Butler et al., 2005) . In addition, when load increases from 4.9 N to 9.8 N, the mean of total muscle activity of all subjects increase from 437.6 mADipole/s to 595.6 mADipole/s ( Fig. 8 ). It seems that EMG-CT can investigate muscle activities in the forearm properly.
Muscle activation pattern of Subject 1 and Subject 2 seem to be similar. Both subjects used the same muscle, i.e., the FDS, FDP and EDC to generate muscle force when a 17 / 37 load was applied to the middle finger. The slight different in the activation area and amplitude might due to the different in individual muscle structure. It is noted that Subject 3 seems to use a bit more of the FCR, this might cause by unintentional movement of wrist during the task.
The forearm conduction model used in reverse estimation considered only muscle tissue to reduce the computational load. However, a real forearm contains subcutaneous fat and skin. Lowery et al. (2004) have reported the influence of subcutaneous fat and skin on the crosstalk of the myoelectric potential, using a cylindrical conduction model consisting of muscle tissue, bone, and subcutaneous fat and skin. They concluded that increases in the thickness of subcutaneous fat causes increases in crosstalk. The estimation method proposed in this paper is essentially an analysis of crosstalk. Thus, it may be possible that subcutaneous fat affects estimation. Given that the thickness of subcutaneous fat in the forearm of the subjects was less than 3 mm, its influence on the estimates may be small. However, this factor must be considered during the estimation of deep muscles that generate weak sEMG signals.
Subcutaneous fat also decreases the mean power frequency of the sEMG spectrum, similarly to a low-pass filter, because of the permittivity of the fat (Stoykov et al., 2002) . The low-pass filter effect is also caused by the spatial dispersion of the sEMG 18 / 37 distribution (Lindström et al., 1977) . The effect is stronger with increased distance between an activated muscle fiber and the surface, and therefore the sEMG power at high frequency is readily reduced. The influence of the low-pass filter effect on reverse estimation may be effectively avoided by use of only the low-frequency components of sEMG for calculation.
The anisotropic conductivity of muscle tissue and muscle alignment from previous studies was used in estimation (Burger and van Dongen, 1961; Schwan and Li, 1953; Geddes and Baker, 1967; Faes et al., 1999; Gabriel et al., 1996) . However, in actual measurements, these parameters may be highly dependent on the individual being measured. Increased precision of the estimates requires calibration of these parameters for each subject. Electrical impedance tomography (EIT) can measure the conductivity distribution in the forearm (Cheney et al., 1999) . EIT is a method of reconstructing the conductivity distribution in a volume conductor from the electrical potential distribution of the surface caused by the current through the surface electrodes around the conductor. The current is loaded through a pair of the electrodes and potentials are simultaneously measured at other electrodes. The operation is then repeated at all of the electrodes. The conductivity distribution is reconstructed to compare the measured to the simulated potential distributions using finite-element model and an optimization 19 / 37 method. Given that the alignment of electrodes in EIT is approximately that of the estimates, it is useful to measure the conductivity distribution sequentially in an experiment.
The surface electrode position on the forearm should also be calibrated. The estimation method is sensitive to the circumferential electrode positions because many of the muscles in the forearm are thin. The positions will certainly be misaligned even if extreme caution is taken. Thus, it would be impractical to assume high measurement accuracy. For calibrating the electrode position, detection of the electrodes closest to activated index muscles is useful. First, the analyst should activate an index muscle.
Then the electrode detecting the strongest sEMG signal can be assumed to be the closest to the activated muscle. Repeated detection using index muscles, will reveal the correct alignment of the electrode.
We have demonstrated that EMG-CT allows the investigation of each muscle activities within the forearm. This method makes possible the noninvasive localization of activated muscle area from the skin surface. It opens a new window on EMG study of the forearm that has potential use in studying muscle mechanisms and as a diagnostic tool for rehabilitation evaluation. Figure 1 Representation of electromyography conduction model for calculation. Virtual muscle fiber k is a part of the muscle element j. l ik is the distance between the muscle fiber k and the bipolar electrode i. V ik is the surface electromyography (sEMG) from muscle fiber k detected by a bipolar electrode.
Figures Captions
Figure 2
Power exponent of attenuation (PEA) of the coefficient resulting from the difference in inter-electrode distance (IED) (Nakajima et al., 2008) . The strength of surface electromyography is affected by IED of the bipolar electrode. 
